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The statement “everything is related to everything else, but near things are more related than dis-
tant things” (Tobler 1970) is known as Tobler’s first law of geography and is central to all spatial 
concepts and analytical techniques (Sui 2004).  Spatial and temporal patterns in elements of an 
ecosystem, on one hand, are influenced by the underlying environmental processes, both abiotic 
and biotic (Legendre and Fortin 1989). On the other hand, these patterns have been shown to dif-
ferentially influence many ecosystem processes at different scales (Turner 1989; Levin 1992). 
The physical realities of spatial and temporal processes, landscapes, are made up of a distinct 
association of forms, both biophysical and cultural in character (Sauer 1925). The interplay of 
climate, soil, fauna, and flora—the main elements of a landscape—follow the first law of geog-
raphy, resulting in a range of diverse habitats distributed across space and time (Troll 1950).  
Over the last century and especially in the past few decades, ecological understanding of 
landscapes has offered new perspectives on the function and management of both natural and 
cultural phenomena (Turner 2005).  Research in landscape ecology, a highly interdisciplinary 
science with its intellectual roots in phytosociology, biogeography, and spatial ecology, has 
spurred discussions on the influence of changes in spatial arrangements of land cover or land use 
on ecological functions (Turner 2001; Turner 2005).  As pristine landscapes no longer exist in 
the world today and those that are relatively undisturbed by humans are presently undergoing 
rapid and extensive change (Ellis and Ramankutty 2008), a common scientific practice has been 
to turn to the past to develop understanding of the interactions between landscape patterns and 
ecosystem function under a range of biophysical and cultural conditions.  
2 
 
Understanding the ecological history of landscapes is furthermore critical for the in-
formed management of them (Landres et al. 1999; Egan and Howell 2001; Keane et al. 2009).  
Investigations into ecological history provide key reference information, which is then used to 
define, assess, and evaluate restoration goals and subsequent restoration efforts (White and 
Walker 1997).  It is also essential for evaluating the biophysical and cultural causes and conse-
quences of spatial and temporal variation, and provides an important baseline for the description 
of overall landscape dynamics (Swetnam et al. 1999).  Landscape dynamics can be studied by, 
first, reconstructing historical vegetation patterns through the use of reference information and 
then by analyzing vegetation-site relationships, disturbance dynamics, and other ecological proc-
esses that affect these patterns.  However, the detail, extent, and accuracy of the reference infor-
mation impacts its usefulness in reconstructing landscape patterns and dynamics, and thus in es-
tablishing restoration goals and practices (Bolliger et al. 2004). 
Attempts to reconstruct historical reference conditions range from simple hand drawn 
maps on paper to outputs from sophisticated spatial models that require state-of-the-art com-
puters to process large geographic datasets.  Developments in statistical theory for spatial data, 
improvements in computer processing capabilities, and advances in Geographic Information Sys-
tems (GIS) technology have made it possible in recent years to construct precise and detailed 
vegetation maps for large areas in a relatively short amount of time.  The development of spatial 
statistics has been critical because classical statistics are often inadequate for the study ecological 
phenomena, most of which show spatial and temporal autocorrelation. Technological improve-
ments have allowed for the application of spatial statistics to large, geographic datasets. 
Given the conceptual and analytical advancements described above, the goals of my re-
search are to:  
3 
 
(1) establish detailed, extensive, and accurate baseline information on historical landscape 
patterns; 
(2) investigate and describe the causes and consequences of spatial patterns in landscapes; 
and 
(3) inform landscape restoration efforts. 
Specifically, I attempt to use these advancements to understand oak ecosystem change and in-
form oak ecosystem restoration in the Driftless Area of the U.S. Midwest.  Outputs from my re-
search can also be used to parameterize landscape simulation models, which incorporate spatially 
interactive processes (e.g., disturbance, colonization), biogeochemical processes (e.g., nutrient 
uptake, carbon sequestration), and individual species attributes (e.g., conifer versus broad-leaved 
tree) to improve our understanding of the causes and consequences of past, current, and future 
vegetation change over space and time. 
 
Thesis Organization 
This thesis describes a modification of existing and the development of new analysis 
techniques to improve the spatial resolution of a vegetation database representing mid-19th Cen-
tury land cover and maps derived from it.  The thesis is composed of three chapters.  This chap-
ter, Chapter 1, provides a general introduction outlining the background and the overarching 
goals of my research.  Chapter 2 is written in the format of a paper in a scientific journal and 
contains the major methods, results, and discussion of my research.  This chapter also provides a 
brief rationale for the reconstruction of historical vegetation, followed by detailed methodology 
of various spatial modeling techniques used to achieve our main goal, and subsequent results, 
discussion, and conclusions of the newly improved technique for mapping historical vegetation.  
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Chapter 3 summarizes the major conclusions of my research with reference to its potential im-
pacts on future landscape research and its applications in landscape planning and management. 
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HISTORICAL VEGETATION RECONSTRUCTION USING SPATIAL 
MODELING ON PRE-EURO-AMERICAN DATA TO INFORM ECOSYS-
TEM RESTORATION IN THE DRIFTLESS AREA 
OF THE US MIDWEST 
 
Kumudan Grubh, Lisa A. Schulte, Petrutza Caragea, and Brian Palik 
A paper in preparation for submission to Ecological Restoration 
Abstract 
The potential future outcomes of ecological restoration and management activities can be par-
tially understood by investigating reference conditions and historical processes that contributed 
to the variability of past ecosystems. Reconstructing pre-Euro-American vegetation from Public 
Land Survey (PLS) records provides spatially precise and extensive reference information from 
which such variability estimates can be developed. We thus mapped pre-Euro-American vegeta-
tion cover within the Driftless Area of the U.S. Midwest using PLS records. Our mapping em-
ployed a four step process. First, trees ambiguously designated by the Public Land surveyors 
were identified to species using logistic regression models. Next, conditionally specified regres-
sion models that used species-level data along with relevant environmental predictor variables 
were used to predict relative dominance of respective tree species at a finer resolution (0.64 km2) 
than that provided by the original dataset (2.56 km2). Cluster analysis was then used to classify 
regression output into vegetation types. Lastly, vegetation types were and mapped using a geo-
graphic information system. Outputs from this process revealed that the Driftless Area was his-
torically covered by prairies and oak savannas—dominated by bur (Quercus macrocarpa), white 
(Q. alba), and black (Q. velutina) oak—interspersed with woodlands and forests, suggesting the 
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absence of oak-hickory ecosystems as typical of the central hardwood region. Prairie made up 
42% of the area; savannas 35%; closed forests 14%; and open woodlands 7% of the land cover. 
Mesic forests in the north and south-east were dominated by sugar maple (Acer saccharum), elm 
(Ulmus spp.), American basswood (Tillia americana), white oak, and ironwood (Carpinus caro-
liniana and Ostrya virginiana). Pine (Pinus spp.) was dominant in the north-east and partly in the 
east. Aspen (Populus spp.) dominated mostly in the northern part, to the west of the mesic and 
pine forests. The Mississippi and Wisconsin River corridors consisted of mostly prairie and sa-
vannas composed of a mixture of tree species including silver maple (A. saccharinum), northern 
pin oak (Q. ellipsoidalis), willow (Salix spp.), bur oak, birch (Betula spp.), white oak, black oak, 
and white ash (Fraxinus americana). On the whole, the dominance by prairie or savanna ecosys-
tems, and dominance of oak species, indicates that fire played a key role in mediating historical 
landscape patterns and ecosystem processes in the Midwest Driftless Area. In addition to aiding 
in the establishment of restoration and management goals, our maps can be used as baseline data 
in investigating interactions between vegetation and disturbance regimes, and in quantifying 
vegetation change over time. Furthermore, our vegetation reconstruction techniques can be repli-
cated in other geographical areas with similar vegetation data. 
Keywords  Midwest Driftless Area . Historical vegetation . Oak ecosystem . Vegetation mapping 
Down-scaling . Spatial regression 
 
Introduction 
Ecological restoration efforts often seek to enhance the resilience and sustainability of ecosys-
tems by directing them toward conditions that fall within their historical range of variability 
8 
 
(HRV) (Allen et al. 2002; Keane et al. 2009), which includes a range of compositional, struc-
tural, and functional conditions displayed by an ecosystem over a period of time in the past and a 
geographical extent relevant to the management goals of a particular area (Landres et al. 1999). 
In an overview of applied historical ecology, Swetnam et al. (1999) explains that HRV focuses 
not on a single condition, but indicates the range of conditions which are possible within a given 
environmental context.  The first steps in using HRV to restore ecosystems involves the estab-
lishment of reference conditions and the development of knowledge regarding the processes that 
contributed to variability in these conditions (Landres et al. 1999).   
There are several means by which HRV can be reconstructed, including the study of con-
temporary ecological reference areas (e.g., prairie remnants, old-growth reserves), elements past 
ecosystems as preserved in the environment (e.g., tree rings, fossilized pollen or charcoal layered 
in lake sediments, etc.), and human records of ecosystem conditions (e.g., accounts of explorers, 
land survey records, landscape paintings or photographs); understanding of HRV can also be de-
veloped by simulating past dynamics using ecological models (Egan and Howell 2001).  Con-
temporary data from reference sites can provide the most complete information in terms of taxa 
present and processes governing change, but suffer from the problem of limited spatial represen-
tation, as reference areas are often few and far between. Reference sites, especially in the Eastern 
U.S., furthermore tend to be small in size and represent only a sample of the original variation in 
the surrounding region and at times the results of rare events (White and Walker 1997). Histori-
cal information preserved in the environment can also be obtained through direct field observa-
tion and provide information on both the recent (within years) and distant (over millennia) past, 
including information on ecosystem composition and structure, disturbance history, and the tim-
ing of human settlement; however, obtaining such data is time consuming and expensive for 
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study areas that span landscapes to regions. Human records of past ecosystem conditions can 
vary from general to very detailed descriptions of landscape conditions. Explorer accounts, land-
scape paintings, photographs and even tax rolls and wills can provide highly detailed information 
on vegetation cover, but tend to be available for only scattered locations and some sources (espe-
cially explorer accounts and paintings) suffer from inaccuracies due to biased human observation 
(Egan and Howell 2001). Finally, simulating past dynamics using ecological models can provide 
mechanistic understanding of past ecosystem processes, including the impacts of disturbance and 
subsequent successional trajectories, but the realism associated with model output is dependent 
upon the availability of field data for accurate parameterization (He and Mladenoff 1999). 
The U.S. General Land Office’s original Public Land Survey (PLS) records are one 
source of historical data that have been widely used to reconstruct past vegetation and assess 
vegetation change over time (Bolliger et al. 2004; Wang 2005; Rhemtulla et al. 2009). Indeed, 
PLS records provide one of the most thorough and extensive descriptions of vegetation in the 
U.S. for the period just prior to Euro-American settlement (Schulte and Mladenoff 2001).  While 
some inconsistencies and biases have been documented within the survey records (Bourdo 1956; 
Manies et al. 2001; Liu et al. In review), PLS data are expected to provide a reasonable represen-
tation of pre-Euro-American vegetation when they are used in a relative way, analyzed over 
broad spatial extents, and used in combination with other historical data sources (Schulte and 
Mladenoff 2001).  
One of the main limitations to the use of PLS-derived vegetation reconstructions in as-
sessing ecosystem change and in on-the-ground restoration efforts, however, is their coarse spa-
tial resolution: minimum mapping units are often 2.56 km2 or larger in size (He et al. 2000; 
Schulte et al. 2002; Bolliger et al. 2004, etc). Reconstructions would be more useful if historical 
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vegetation was represented at a resolution more similar to that of contemporary land cover data 
(e.g., 30 m2 – 0.5 km2). Attempts have been made to create finer resolution maps from the PLS 
records by incorporating data on other environmental conditions (e.g., soil wetness, slope, eleva-
tion, aspect) available at finer spatial scales (Brown 1998; Batek et al. 1999; He et al. 2007). 
While the methods developed in these papers represent a step forward in terms of down-scaling 
the PLS data, these efforts have addressed relatively limited spatial extents (2,366-8,702 km2) 
due to computational limitations posed by their techniques. Furthermore, the interpolation meth-
ods use by Brown (1998) and Batek et al. (1999) assume spatial continuousness of interpolated 
data, which may be applicable to elevation or temperature data, but is problematic for use with 
vegetation data as species distributions often exhibit spatial discontinuity (Bolliger and 
Mladenoff 2005). He et al. (2007) have proposed a hierarchical Bayesian modeling approach that 
also incorporates the spatial dependence of tree species, but their method predicts a binary re-
sponse variable—an absolute measure rather than a relative one as recommended by Schulte and 
Mladenoff (2001) for most appropriate use with the PLS.  
  Our goal was thus to develop a method to reconstruct pre-Euro-American vegetation 
from the PLS data at a resolution finer than that provided by the original data source (i.e., <2.56 
km2) and applicable over broad spatial extents. Rather than developing a completely new 
method, we used existing vegetation classification techniques (Schulte et al. 2002; Bolliger et al. 
2004) and improved the mapping resolution by incorporating finer-scale environmental data as 
predictor variables and by accounting for spatial dependence in tree species data from the PLS 
using statistical models. We achieved our goal using a series of technique that (1) improved the 
classification resolution of the PLS data themselves employing the methods of Mladenoff et al. 
(2002), (2) increased the spatial resolution of PLS data by accounting for covariation with envi-
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ronmental factors and spatial dependence within tree data using new methods developed herein, 
and (3) produced a quantitative and replicable classification of PLS data using the methods of 
Schulte et al. (2002).  We achieve this objective for the Midwest Driftless Area (Figure 1), a 
55,000 km2 region in southwestern Wisconsin, southeastern Minnesota, northeastern Iowa, and 
northwestern Illinois with pressing conservation concerns due to the loss and fragmentation of 
native ecosystems, the elimination of fire disturbance, and threats posed by invasive species and 
climate change, among other reasons (Knoot 2008).  These methods are broadly applicable, 
however, to other regions for which PLS data exist and, more generally, to the down-scaling of 
vegetation data.    
  
Methods 
Study Area Description 
The Midwest Driftless Area (>55,000 km2) is also referred to as the Paleozoic Plateau or Bluf-
flands because it was circumvented by the late Wisconsin glacial ice of the Quaternary Period 
(Hansen 1939; Mickelson et al. 1982).  In contrast to adjacent, relatively flat areas, the Driftless 
Area has a characteristically rugged topography defined by limestone, dolomite, and sandstone 
bedrock that is exposed or near the surface. Windblown loess deposited on the bluffs during the 
last glacial period have stabilized with the underlying carbonate (limestone and dolostone) bed-
rock resulting in the formation of terra-rossa-type soils (Stiles and Stensvold 2008). The Missis-
sippi and Wisconsin Rivers are two major rivers that dissect the Driftless Area (Figure 1). The 
climate of the Driftless Area is hot humid continental with hot summers and severe, dry winters 
and large seasonal temperature variation with mean annual precipitation of 77.7 cm and mean 
annual snowfall of 106.4 cm.  
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The predominant natural vegetation of the Driftless Area as documented at present is 
fragmented oak-hickory and maple-basswood forest, mixed with more mesophytic forest, open 
oak savanna and hill prairie (Glenn-Lewin and Laushman 1984; Knoot 2008; Rhemtulla et al. 
2009). The region has numerous smaller streams, and is renowned for trout-fishing opportunities.  
Owing to its scenic beauty, Iowans proudly call the region the “Switzerland of America” (Smith 
1949).  Most of the Driftless Area is considered rural except for a few small cities. Agriculture—
predominantly row crop, dairy, and beef—is practiced throughout the region. 
As a result of decades of fire suppression, cessation of grazing, and high-grading timber 
harvesting, the prairies, savannas, and forests of the Driftless Area are rapidly succeeding to later 
seral types (Lorimer 2003; Bolliger et al. 2004; Knoot 2008). Forested ecosystems have under-
gone both structural and compositional changes within a relatively short time period (~150 
years). For instance, prairies are being replaced by shrublands and forests; young and old stands 
of oak-hickory have declined and are being replaced by shade-tolerant tree species such as maple 
(Acer spp.), ash (Fraxinus spp.), and elm (Ulmus spp.) (Knoot 2008).  
 
Public Land Survey records 
Data on pre Euro-American settlement land conditions were obtained from the original US Gen-
eral Land Office’s PLS records. These records provide the earliest (mid-1800s), spatially explicit 
data on landscape conditions within the Midwest Driftless Area. The purpose of the survey was 
to demarcate the US territories for selling land to Euro-American settlers. Township exterior sur-
veys or “township lines” were first established by demarcating lines parallel to an east-west 
trending baseline and to a north-south trending principal meridian. The parallel lines were each 6 
miles apart resulting in the delineation of approximately 9.7 km by 9.7 km (6 mi by 6 mi) “town-
13 
 
ships”. Subsequently, a different crew of surveyors established the interior survey or “section” 
lines, which subdivided the townships into 36 “sections” of 2.56 km2 (1 mi2) each (Stewart 1935; 
Bourdo 1956). The township lines were completed at some interval prior to the section lines, 
ranging from weeks to years. PLS surveyors mounted wooden posts or earthen mounds at speci-
fied locations along the perimeter of sections. Locational information was recorded in notebooks 
at the intersection of section lines, called “section corners”, and at the midpoint between section 
corners, called “quarter corners”. At these corners the surveyors selected two to four “witness 
trees” and marked them as monuments in the field; they also recorded tree diameters and the 
azimuths and distances of trees from the corners in their field notebooks. “Line trees” were re-
corded where section lines directly intersected standing, live trees. Surveyors also recorded in-
formation on ecosystem types, dominant trees, and understory species, topography, wetlands, 
mineral deposits, and soils over the course of their surveys. 
We digitized and georeferenced the original PLS records for the Iowa and Illinois regions 
of the Driftless Area using a customized ArcGIS script obtained from the Forest Landscape 
Ecology Laboratory at the University of Wisconsin-Madison. Data were digitized from copies of 
the records obtained from Heritage Microfilm, Inc. (2007) and the Illinois State Archives (2008), 
respectively. Previously georeferenced PLS records for the Wisconsin portion of the Driftless 
Area were also obtained from the Forest Landscape Ecology Lab (Sickley et al. 2001). Georefer-
enced PLS records for the Minnesota portion were obtained from the Minnesota Department of 
Natural Resources (MN DNR 1998). To ensure data consistency, we combined datasets into one 
geospatial database, editing the data codes used by different digitizing personnel and in the dif-
ferent states comprising the study area for consistency. 
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For the Iowa and Illinois portions, random points constituting 10% of the total data points 
were selected to conduct an error assessment. The selected points were rechecked against images 
of the original PLS records to account for errors accumulated during the digitization process. All 
fields in the database have an error percent of less than or equal to 2% (Appendix 1). Error as-
sessment was conducted in three steps: (1) data checking, in which data were checked for types 
of errors (time taken: 20 hrs), (2) data correction, in which data were corrected for erroneous en-
try (time taken: 280 hrs), and (3) error assessment of 10% of total data points (time taken: 100 
hrs). Error assessment for the digitized PLS records of the Wisconsin portion had already been 
conducted by Sickley et al. (2001). Error rates of all the fields in the Wisconsin region were less 
than 2% except for the “Ecosystem Type” field, which was less than 3%.  PLS records for Min-
nesota contain 1% - 5% error as a result of transcription errors and/or illegibility in source manu-
scripts (Almendinger 1997). 
 
Data Analysis 
We used the PLS data in three ways to meet our research objectives.  First, we used logistic 
models to differentiate ambiguously identified witness tree records provided by the surveyors to 
increase the classification resolution of the PLS data (similarly to Mladenoff et al. 2002).  We 
then combined the output from these models with unambiguously identified tree species data and 
used them in spatial regression models to increase the spatial resolution of PLS vegetation data.  
Lastly, the finer resolution vegetation distribution data were analyzed using multivariate cluster 
analysis to develop and map a classification of historical ecosystem types (similarly to Schulte et 




Differentiation of Ambiguously Identified Witness Trees  
Surveyors often recorded only generic names for witness trees as opposed to fully identifying 
trees to species; for example, “ash” or “oak” as opposed to “white ash” (Fraxinus americana L.) 
or “bur oak” (Quercus macrocarpa Michx.). We used a logistic regression modeling technique 
developed by Mladenoff et al. (2002) to differentiate generic trees within our database to species 
thereby increasing the spatial resolution and narrows historical uncertainty associated with vege-
tation data.  This technique takes site specific environmental variables into account, including 
tree species structure and composition, edaphic conditions, local landform and potential influ-
ence of interaction with fire, and spatial variability in climate to predict the occurrence of indi-
vidual tree species at the ambiguous locations (Table 1). 
Data input, initial data processing, and mapping were completed in ArcGIS 9.2 and Mi-
croSoft Excel 2007, while logistic regression models were run in R statistical package. A total of 
75 initial predictor variables were included in the original logistic regression models for each 
species (Appendix 3). Using backward stepwise logistic regression, the final models were se-
lected by iteratively eliminating non-significant predictor variables. 
All the predictor variables accounting for tree structure and composition, as well as the 
Township and Range variables, were obtained from PLS records (Table 1). Predictor variables 
explaining the edaphic conditions were gathered from Soil Survey Geographic (SSURGO) data-
base and were spatially joined to the survey tree points in ArcGIS 9.2. We used 30 m resolution 
Digital Elevation Model (DEM) and a river data layer to extract predictor variables on local 
landform conditions and the potential influence of fire; specifically, Heat Load Index (derived 
from aspect), slope, and distance from river. The subsection ecoregion data layer was obtained 
from the USDA Forest Service (Cleland et al. 2007). 
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We differentiated ambiguously identified witness tree records belonging to the following 
four genera to species: maple, ash, pine, and oak. We did not differentiate ambiguously identified 
witness trees belonging to other genera because of the lack of sufficient records that were clearly 
identified species within those genera. The most predominant genera for which we did not dif-
ferentiate the species were aspen (Populus spp., 3,834 trees), elm (Ulmus spp., 3,634 trees), 
hickory (Carya spp., 1,509 trees), birch (Betula spp., 962 trees), ironwood (Carpinus caroliniana 
Walt. or Ostrya virginiana (Mill.) K. Koch, 925 trees), and willow (Salix spp., 480 trees). Based 
on the number of assumed species within respective genera of ambiguously identified species 
and the total number of unambiguously identified species within each of those genera, we se-
lected two species each for maple (silver maple [Acer saccharinum L.], sugar maple [A. saccha-
rum Marsh.]) and ash (black ash [Fraxinus nigra Marsh.], white ash [F. americana]); three spe-
cies for pine (jack pine [Pinus banksiana Lamb.], red pine [P. resinosa Ait.], and white pine [P. 
strobus L.]); and five species for oak (northern pin oak [Quercus ellipsoidalis Hill.], black oak 
[Q. velutina Lam.], white oak [Q. alba L.], bur oak [Q. macrocarpa], and northern red oak [Q. 
rubra L.]) (Table 2) for differentiation through logistic modeling. We ran logistic models for 
pairs of species at a time within each genus. The numbers of models run for each genus were as 
follows: Ash – 1, Maple – 1, Pine – 3, and Oak – 10. 
A new dataset of witness tree records was created by adding species information from our 
logistic models to the ambiguously identified species belonging to the four genera (maple, ash, 
pine, and oak). We then used this dataset to calculate the relative dominance of the 28 most 
commonly recorded tree species in the Driftless Area.  Relative dominance is a relative measure 
of the allocation of tree biomass among species and is widely used index of tree species domi-
nance. We calculated the relative dominance values for each species within each section (2.56 
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km2) using tree diameter at breast height (dbh) of trees, as provided in the PLS records, and the 
following equation, as described in Cottam and Curtis (1956). Relative dominance of species i 
within a section, or RDom_Ci, was calculated according to the following: 
 
where n is the number of species and m is the number of individuals of a given species in the sec-
tion. Basal areaij is the basal area of individual j of species i. 
 
Improving the Spatial Resolution of Vegetation Reconstructions 
We developed a five step process to improve the spatial resolution of our historical vegetation 
reconstructions. First, we gathered data representing key environmental factors that influence 
tree growth (e.g., soil moisture, soil texture, aspect, flood frequency, distance from river, and to-
pography). These data are available at a much finer resolution than the 2.56 km2 (1 mi2) resolu-
tion commonly used with the PLS (e.g., Delcourt and Delcourt 1996; Batek et al. 1999; Schulte 
et al. 2002; Bolliger et al. 2004) and were used as predictor variables in regression models we 
developed to improve the spatial resolution of our historical vegetation reconstruction. Environ-
mental data related to soil characteristics were derived from the Soil Survey Geographic 
(SSURGO) database (Soil Survey Staff 2007).  We used Soil Data Viewer 5.2 (extension tool for 
ArcMap 9.2) on SSURGO database to extract spatially referenced quantitative information for 
Available Water Capacity (AWC), Percent Clay, and Flood Frequency Class (FFC) variables 
(Appendix 1). Environmental data related to topography were derived from a 30m National Ele-
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vation Dataset DEM (Gesch 2007). We derived Heat Load Index (HLI), Topographic Roughness 
Index (TRI), and Distance from River (DFR) from DEM using ArcGIS 9.2 (Appendix 1). 
Second, we overlaid a 0.64 km2 resolution grid over each of the six environmental data 
layers that we used as predictor variables (i.e., HLI, TRI, DFR, AWC, Percent Clay, and FFC) 
and assigned the median value to each respective grid cell. Since over 700 data points fell within 
each grid cell, we had to assign a single, representative value to each grid cell. As data distribu-
tions were often skewed, we chose median over mean as an estimate of central tendency. We 
also extracted the value of the response variable (relative dominance) to each finer resolution 
(0.64 km2) cell based on the extent of overlap with the coarser resolution (2.56 km2) cells.  
Third, we employed a two-step process to account for spatial dependence in the dataset 
pertaining to the distribution of each tree species, which included running multiple linear regres-
sions and testing model residuals with simple spatial regression.  Multiple regression models us-
ing all six environmental predictors as initial variables were fitted to predict relative dominance 
values at 0.64 km2 resolution. Constant mean spatial regression models (without predictor vari-
ables) were fitted to the residuals from the multiple regression models; we calculated the T-ratio 
to confirm the significance of adding a spatial component to the regression models. We also ran 
multiple regression models that included interaction terms among the predictor variables and cal-
culated their root mean squared prediction errors (RMSPE) to be only slightly less (< 0.2) than 
the multiple regression models without interaction terms. Since the decreases in RMSPEs were 
negligible, we used the multiple regression models without the interaction terms to further select 
environmental predictor variables. We applied stepwise backward selection on the multiple re-
gression models and used the significant predictor variables from final models as base models in 
subsequent spatial regression models. Additionally, based on ecological characteristics for each 
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species and the results of preliminary model runs, we discarded the FFC predictor variable from 
spatial regression models of flood intolerant species regardless of whether FFC turned out to be a 
significant predictor in the multiple regression models or not (Table 3). Spatial dependence was 
verified to be statistically significant in explaining remaining variation in the data by fitting sim-
ple spatial regression models with a constant mean to the residuals of non-spatial regression 
models for each respective species. 
Fourth, we fitted spatial regression (Gaussian conditional) models for all the tree species 
to predicted relative dominance values at 0.64 km2 resolution. Based on the distribution of rela-
tive dominance values, we assumed a normal or Gaussian distribution to all the response vari-
ables and hence used Gaussian conditional models. Because of the nature of this distribution, we 
had to assume constant conditional variance for the whole area. As a result of the latter assump-
tion we were unable to produce prediction error maps derived from conditional variance. Further 
refinement of model selection was conducted with a series of Gaussian conditional models using 
significant environmental predictor variables (base model) in addition to the non-significant 
variables. The final model was selected based on the RMSPE for each of these models—the 
model with the lowest RMSPE was selected.  
Finally, we predicted the relative dominance of 28 species at a finer resolution (0.64 km2) 
than that of the original dataset (2.56 km2), and used ArcGIS 9.2 to spatially project these data 
and map our vegetation reconstructions. Maps of prediction errors for each of the modeled dis-






Vegetation Cover Types Classification  
We used cluster analysis to classify spatial regression outputs for datasets representing both the 
original (2.56 km2) and finer (0.64 km2) resolutions into vegetation types based on the methods 
of Schulte et al. (2002). Clustering was conducted on a cell basis, with each cell containing the 
relative dominance of 28 tree species, in a two-step process.  First, the FASTCLUS procedure 
was used within SAS (SAS Institute Inc. 2010) to place all cells into groups based on similar 
relative dominance values. The number of groups in the final solution was determined based on a 
tradeoff between the amount of variation explained per number of clusters (Schulte et al. 2002). 
Second, hierarchical agglomerative clustering using Ward’s minimum-variance method (Ward 
1963) was conducted on output from the FASTCLUS procedure; this procedure reveals relation-
ships among groups delineated in the first phase. The resulting dendrogram was then pruned to 
eliminate rare or spurious groups so that each final cluster contained at least 1% of all cells 
within each dataset. Clusters were then named based on species comprising the majority of the 
relative dominance (Schulte et al. 2002). 
We also classified vegetation according to the structural measure of tree density. Tree 
density (trees/ha) for each survey point was calculated from tree distances and number of trees 
recorded at a corner, as developed by Cottam and Curtis (1956) and as employed by Bolliger et 
al. (2004). To delineate ecosystems based on vegetation structure, we further grouped areas with 
similar tree densities into the following categories: Prairies have less than 0.5 trees/ha, Savannas 
have 0.5 to 47 trees/ha, Open Woodlands have 47 to 99 trees/ha, and Closed Forests have greater 
than 99 trees/ha (Anderson and Anderson 1975). Lastly, vegetation types were assigned to the 





Differentiation of Ambiguously Identified Witness Trees 
There were a total of 111,287 witness trees recorded by surveyors in the Driftless Area, out of 
which 15,387 trees or 13.8% were ambiguously identified across 23 genera by the surveyors. Bur 
oak, white oak, black oak, and sugar maple comprised the majority (77%) of all witness tree re-
cords (Figure 2).  Using logistic models we were able to differentiate over 25% (3,948 trees) of 
the ambiguously identified trees into their respective species within four genera—oak, maple, 
pine, and ash. Oaks had the highest number of surveyor identified or “known” records (86,866 
trees), and the lowest number of “ambiguous” records (44 trees) (Figure 3). Generic oak trees 
were differentiated as white oak – 59% (26 trees), bur oak – 36% (16 trees), and black oak – 5% 
(2 trees), and were scattered throughout the region (Figure 4). Northern pin oak and northern red 
oak showed the lowest probability of occurrence and were not differentiated among ambiguously 
identified oak records.  Almost all (1,558 trees or 93%) of the trees ambiguously identified as 
maple were differentiated as sugar maple; the remainder were designated as silver maple. Am-
biguously identified maples were found mostly along major river corridors and in the Kickapoo-
Wisconsin River Ravines (KWRR) and between the Rosemont Baldwin Plains and Moraines 
(RBPM) and Menominee Eroded Pre-Wisconsin Till (MEPWT) subsection ecoregions (Figure 
4). Ash trees were differentiated as white ash – 61% (726 trees) and black ash – 39% (464 trees) 
and were distributed throughout the region. Pine trees were differentiated as jack pine – 63% 
(655 trees), red pine – 22% (228 trees), and white pine – 15% (151 trees), and were mostly lo-
cated in the northeastern part of the Driftless Area (Figure 4).  
The relative dominance values for tree species in the combined dataset (unambiguously 
identified and differentiated witness trees) ranged from 0 to 100% for 23 of the 28 species con-
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sidered; the maximum relative dominance values for the remaining five species (ironwood, red 
elm [Ulmus rubra Muhl.], butternut [Juglans cinerea L.], black walnut [Juglans nigra L.], and 
white birch [Betula papyrifera Marsh.]) recorded by surveyors in the region ranged from 53% to 
88%. Correlations between species and environmental predictor variables were low overall, 
ranging from -0.21 to 0.30 (Table 4). Jack pine was positively associated with sand and nega-
tively associated with clay, whereas white oak showed reverse associations. Black ash, elm, and 
white ash showed positive association with Flood Frequency Class (FFC) and negative associa-
tions with distance from river. All the three pine species (jack pine, red pine, and white pine) 
were negatively associated with Available Water Capacity (AWC). Black oak and white oak 
showed positive association with Topographic Roughness Index (TRI), whereas aspen, bur oak, 
jack pine, red pine, and white pine showed negative association with TRI. White ash was nega-
tively associated with Heat Load Index (HLI). 
 
Improving the Spatial Resolution of Tree Species Maps  
The non-spatial multiple regression models were able to capture significant relationships among 
tree species distributions and environmental predictor variables, but did not account for the spa-
tial autocorrelation of tree dominance. For example, for white oak, the predicted relative domi-
nance values at a regional level showed similar spatial trend that of the original survey records 
(Figures 5 a, b). However, at local level, the spatial distribution patterns were different from the 
survey records as attested by the presence of spatial patterns in the residuals (Figure 5c). The 
root mean squared prediction errors (RMSPE) for the non-spatial multiple regression models 
ranged from 1.44 (red elm) to 35.23 (bur oak) (Table 3). Spatial dependence was verified to be 
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statistically significant in explaining remaining variation in the data in the case of all 28 species 
considered. 
Overall, the fitted Gaussian conditional models (GCM) produced finer resolution vegeta-
tion distribution maps that were more representative of the observed data as compared to the 
multiple regression models (Figure 5). As expected, almost all of the constant mean models 
(CMM) (without predictor variables) resulted in slightly lower RMSPE than GCM (with predic-
tor variables). However, the GCMs used environmental information in addition to spatial de-
pendence to predict relative dominance of individual tree species, thereby providing the ability to 
predict the location of tree species in new locations while increasing the spatial resolution of 
vegetation data (Figure 6). For example, white ash was predicted along valley slopes of streams 
and rivers in the GCM output in addition to accounting for spatial dependence from observed 
tree locations (Figure 7). Similar effects were observed for all other species (Figure 6).  The total 
number of predictor variables included in the final set of models ranged between two and six 
(Table 5). 
Bur oak and white oak showed the most widespread distribution throughout the Driftless 
Area; however, their distributions did not largely overlap (Figure 6). The distribution of Bur oak 
was sparsest in Rosemont Baldwin Plains and Moraines (RBPM) and Kickapoo-Wisconsin River 
Ravines (KWRR) subsection ecoregions. White oak was least dominant in the north, northeast-
ern, and northwestern landscapes of the Driftless Area. Sugar maple and American basswood 
(Tilia americana L.) were most dominant in RBPM and KWRR subsection ecoregions, where 
they co-occurred with elm (probably mostly American elm [Ulmus americana L.]) and ironwood 
(either American hornbeam or hophornbeam) (Figure 6). Silver maple, elm, and birch were dis-
tributed along major river corridors. Although we were not able to differentiate birch witness 
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trees to species, based on their ecology (Burns and Honkala 1990), most birch distributed along 
river corridors were likely river birch (Betula nigra L.), while birch within upland areas of the 
RBPM ecoregion were likely yellow birch (B. alleghaniensis Britton) (Figure 6). All the three 
pine species—jack, red, and white—were largely confined to northeastern part of the Driftless 
Area (Figures 4 and 6). Aspen (probably mostly quaking aspen [Populus tremuloides Michx.] 
but also big-toothed aspen [P. grandidentata Michx.]) was dominant in small patches scattered 
throughout the Driftless Area, but reached higher dominance over landscape scales in the north-
ern portion, especially the northern portion of the RBPM ecoregion (Figure 6). 
 
Vegetation Cover Type Classification 
Cluster analyses on relative dominance values at 2.56 km2 and 0.64 km2 resolutions respectively 
produced 37 initial clusters from 22,315 cells and 29 initial clusters 89,260 cells (Figure 8). 
Pruning the dendrograms so that each cluster contained at least 1% of the cells resulted in 17 
classes at the 2.56 km2 resolution and 16 classes at the 0.64 km2 resolution (Figure 9a, b).  
Groups were further combined  based on similarity of dominant species (e.g., two classes in 
which white oak was by far the dominant species were combined into a single white oak class), 
resulting in 15 final clusters at the 2.56 km2 resolution (Figure 10) and 14 final clusters at the 
0.64 km2 resolution  (Figure 11). Classification at the finer resolution (0.64 km2) indicated a 
slight decrease in heterogeneity of forest cover types than at the coarser resolution (2.56 km2), 
but a substantial increase in spatial heterogeneity over fine scales (Figures 10 and 11). Elm was 
not revealed to be separate dominant cover types but was merged with basswood - sugar maple - 
white oak cover type in the finer resolution vegetation reconstruction.  
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 In addition to the patterns revealed by the species maps along (Figure 6), classification 
into vegetation types revealed that the Driftless Area was historically composed of prairies and 
oak savannas—dominated by bur, white, and black oak—interspersed with woodland and forest 
ecosystems. Specifically, prairie made up 42% of the area, followed by savannas at 35%, closed 
forests at 15%, and open woodlands at 8%, (Figures 12). Bur oak dominated especially in savan-
nas, and in Western Paleozoic Plateau (WPP) and Rosemont Baldwin Plains and Moraines 
(RBPM) subsection ecoregions (Figure 11). The distribution of white oak was almost as exten-
sively as bur oak and was found also in savannas, but was more dominant in Mississippi-
Wisconsin River Ravines (MWRR) and Kickapoo-Wisconsin River Ravines (KWRR) subsection 
ecoregions (Figure 11). Mesic forests were dominated by sugar maple, elm, American basswood, 
white oak, and ironwood in Menominee Eroded Pre-Wisconsin Till (MEPWT) and KWRR sub-
section ecoregions. Pine, especially jack and white pine, were dominant in MEPWT and portions 
of Melrose Oak Forest and Savanna (MOFS) subsection ecoregions. Aspen dominated the north-
ern part of RBPM subsection ecoregion. The Mississippi and Wisconsin River corridors con-
sisted of mostly prairie and savannas with a mixture of tree species including silver maple, 
northern pin oak, willow, bur oak, birch, white oak, black oak, and white ash. 
 
Discussion 
Numerous studies have assessed pre-Euro-American vegetation composition, structure, 
and function from PLS records (e.g. Galatowitsch 1990; Fralish et al. 1991; Leitner et al. 1991; 
Nelson 1997; Mladenoff et al. 2002; Schulte et al. 2002). Prior to the advancement of Geo-
graphic Information Systems (GIS) technology and spatial analysis techniques, researchers 
manually interpolated PLS records from individual points to form polygons. This process in-
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volved recording and assembling the data, interpreting the data for ambiguity of species or eco-
system boundaries, and finally visually interpolating transcribed surveyor notes in conjunction 
with plat maps to develop vegetation maps based on subjective classification techniques. Since 
such studies were time intensive, they were often limited to smaller geographical extents com-
prising several townships (349 – 16,500 km2) (e.g., Lorimer 1977; Kapp 1978; Mladenoff and 
Howell 1980; Whitney 1982, 1990; Iverson 1988; Abrams and Ruffner 1995; Delcourt and Del-
court 1996). Marschner’s (1974) and Finley’s (1976) efforts were much more extensive than 
most, respectively covering the states of Minnesota and Wisconsin; however, their mapping de-
cisions with regard to cover types and ecosystem boundaries were highly subjective in character 
and it is likely that a different person conducting the same assessment would obtain a different 
result. 
GIS and statistical spatial interpolation techniques have allowed for more rapid and con-
sistent reconstructions, although new challenges have arisen in the process.  He et al. (2000) 
demonstrated the use of GIS to reconstruct historical vegetation using PLS records at multiple 
scales ranging from 2.59 to 93.23 km2.  Schulte et al. (2002) and Bolliger et al. (2004) expanded 
on this technique by using statistical cluster analysis to map presettlement vegetation over broad 
spatial extents (78,000 – 138,000 km2). The spatial resolution associated with these vegetation 
reconstructions is fairly coarse (2.56 km2), however, and they do not adequately represent eco-
systems that are patchily distributed over fine spatial scales (0.01 – 2.56 km2). Batek et al. (1999) 
used spatial interpolation and Brown (1998) employed indicator kriging along with fuzzy-c 
means clustering to improve the spatial resolution associated with  presettlement vegetation re-
constructions. Such interpolation techniques use vegetation values at known points to interpolate 
intervening values by assuming spatial continuousness of interpolated data; while this may be 
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reasonable for elevation or temperature data, it is problematic when applied to vegetation data as 
species distributions often exhibit spatial discontinuity due to response to a multitude of envi-
ronmental factors and disturbance history (Bolliger and Mladenoff 2005). He et al. (2007) have 
proposed a hierarchical Bayesian model that combines species and environmental relationships 
in addition to accounting for spatial dependence of tree species data. They were able to derive 
vegetation patterns at a fine resolution (0.014 km2), but  produced maps of relatively small extent 
(8 701.86 km2). Furthermore, their method predicted a binary response variable (i.e., pres-
ence/absence of species, genus, and functional groups)—an absolute measure and not a relative 
one as recommended by Schulte and Mladenoff (2001) for use with PLS data.   
After refining our procedures to handle large datasets, we were able to use spatial regres-
sion to increase spatial resolution of PLS vegetation data by incorporating finer-scale abiotic en-
vironmental data and by accounting for spatial dependence within vegetation data. Thus, we de-
veloped a statistical method to reconstruct historical vegetation at a finer resolution (0.64 km2) 
than that of the original dataset (2.56 km2) to more explicitly represent the spatial distribution of 
presettlement vegetation types in the Midwest Driftless Area (Figures 10 and 11), including 
patchily distributed ecosystem types (e.g., black oak-bur oak, sugar maple, white pine, jack 
pine). This resolution is within the mapping range recommended by Delcourt and Delcourt 
(1996) for appropriate use with the PLS records. While PLS surveyor notes on ecosystem types 
were subjective and incomplete, our mapping of ecosystem types based on these records revealed 
consistent patterns of vegetation distribution within ecoregions (Figures 11 and 12). Further-
more, the suite of vegetation reconstruction techniques we developed can be replicated in other 
geographical areas, where similar baseline vegetation data are available. 
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Our representation of pre-Euro-American vegetation for the Midwest Driftless Area is 
consistent with other work from this region. Other studies using PLS records support our conclu-
sion regarding the dominance of open vegetation types and oak species (Marschner 1974; Finley 
1976; Kline and Cottam 1979; Anderson 1996; Bolliger et al. 2004; Rhemtulla et al. 2009), al-
though their depictions of Driftless Area ecosystems are not as clear as ours as each covers only 
a portion of the study region. Several paleoecological studies conducted within and surrounding 
the Driftless Area have examined different aspects of the historical environment, such as changes 
in the prairie-deciduous forest ecotone (Davis 1977), evolution of local wetlands (Davis 1979; 
Winkler 1988), post-glacial vegetation (Hansen 1939), and the paleoenvironmental conditions of 
landscapes (Bogen and Hotchkiss 2007). Pollen collected from bogs located just to the northeast 
of the Driftless Area included white pine, red pine, and jack pine pollen, with white pine being 
most abundantly represented (Hansen 1939; Davis 1979). The PLS notes also record these three 
species of pine in the Driftless Area, with jack pine the most abundant pine species, although its 
distribution was largely confined to the northeastern margin, followed by white pine and red pine 
(Figures 2 and 11). Paleoecological investigations at 3 sites along the prairie-forest ecotone in 
the Driftless Area (Kickapoo-Wisconsin River Ravines, Mississippi-Wisconsin River Ravines, 
and Western Paleozoic Plateau subsection ecoregions) shows mesic forest in the early Holocene, 
prairie or savanna in the mid-Holocene, and oak-dominated forest in the late Holocene (Bogen 
and Hotchkiss 2007). Early-to-mid-20th Century field studies from the southern portion of West-
ern Paleozoic Plateau (WPP) subsection ecoregion described this area as predominantly prairie 
and savanna (Livingston and Shreve 1921; Curtis and Mclntosh 1951). Kline and Cottam (1979) 
described a distinct closed forest ecosystem type in the Kickapoo-Wisconsin River Ravines 
(KWRR), Menominee Eroded Pre-Wisconsin Till (MEPWT), and Rosemont Baldwin Plains and 
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Moraines (RBPM) subsection ecoregions, corresponding to southern mesic forests dominated by 
sugar maple.  Curtis (1959) showed white oak as dominant within the open woodlands and sa-
vannas that interspersed the above subsection ecoregions. 
On the whole, the dominance of prairie and savanna ecosystems (Figure 12), and domi-
nance of oak species in locations with a woody component (Figures 11), indicates that fire 
played a key role in mediating landscape patterns and ecosystem processes in the Midwest Drift-
less Area prior to Euro-American settlement.  Given the ample rainfall associated with the re-
gion’s climate, forest vegetation can easily be supported throughout the Driftless Area in the ab-
sence of fire; indeed, this is the case today in locations that are not under agricultural or urban 
land use (Knoot 2008).  While browsing by elk and deer, and potentially grazing by bison, may 
have also had an impact on plant successional dynamics in the region, fire with a rapid return 
interval (1-10 years) would have been required to maintain open vegetation types and fire 
adapted tree species, especially bur oak, over such large extents.  The inclusion of up-
land/lowland, aspect, and slope in our spatial regression models may account for the topographi-
cally imposed discontinuities in species distributions and ecosystem types in the study area (Fig-
ures 6 and 11), and especially contribute to the existence of forest vegetation, as has been shown 
in other studies from within or nearby the region (Kline and Cottam 1979; Leitner et al. 1991). 
Our results further show that certain fire adapted species such bur oak, jack pine, and red pine, 
and aspen were distributed in areas with a lower TRI, whereas relatively fire intolerant species 
such as sugar maple, elm, American basswood, and ironwood were abundant in areas with higher 
TRI values. Thus, vegetation patterning in the Driftless Area matches associations described for 
the a portion of the Missouri Ozark Mountains by Stambaugh and Guyette (2008), where areas 
with high TRI are likely to have a lower probability of fire occurrence and vice versa. Grimm’s 
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(1984) classical reconstruction of presettlement vegetation in the nearby Big Woods of Minne-
sota also detailed strong association between environmental factors, fire probability, and vegeta-
tion pattern. A previous study in the northeast Iowa portion of the Driftless area suggests that 
interactions between topographic moisture gradients and succession primarily determine the dis-
tribution of the forest vegetation generally and, specifically, dominant forest types (Cahayla-
Wynne and Glenn-Lewin 1978). Our results furthermore show that hickory was less dominant in 
the Driftless Area than what has been observed for Central Hardwoods forest types in the Eastern 
U.S. (Abrams 1992), perhaps due to shorter fire return intervals in the region; the two hickory 
species (shagbark and bitternut hickory) that are distributed throughout the Driftless Area are 
less fire tolerant than predominant oak species (Burns and Honkala 1990). 
In terms of the application of our work, we expect our finer resolution reconstructions of 
pre-Euro-American vegetation will provide important historical context for land management 
decisions, and assist land managers in visualizing species distributions and dominant vegetation 
types at landscape to regional scales (Foster 2000; Bolliger et al. 2004). This is particularly sali-
ent in the Driftless Area, which falls at the intersection of four Midwestern states. Scattered res-
toration efforts exist in portions of the Driftless Area, but concerted progress across political 
boundaries is elusive, despite the existence of multiple, regional-scale conservation threats 
(Knoot et al. 2010). Yet, restoration at even a stand scales (0.001-0.01 km2) could be assisted by 
knowledge and awareness of historical vegetation in the region (Knoot 2008). The Driftless Area 
Restoration Effort (DARE) is one initiative seeking to protect, restore, and enhance the region’s 
aquatic biodiversity (DARE 2005). Broadening DARE’s mission to include the restoration of 
surrounding terrestrial ecosystems is critical in allowing the achievement of aquatic restoration 
targets. In addition to aiding in the establishment of restoration and management goals, our re-
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construction can be used to quantify vegetation change over time, similarly to Schulte et al. 
(2007) and Rhemtulla et al. (2009). Lastly, our maps and databases can be useful in parameteriz-
ing landscape simulation models to predict future management scenarios under the context of 
climate or other environmental changes (Drever et al. 2006; Keane et al. 2009).  
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Table 1 Variables used in logistic regression models (details in Appendix 2) 
Tree structure/ composition Edaphic conditions Local landform Regional landform 
Density Soil moisture Aspect Subsection ecoregion 
Diameter Upland/lowland Slope Township/Range 
Distance from survey corner Sand/clay Distance from river  
Associated species recorded at cor-
ner    






Table 2 Ambiguously identified species in US General Land Office's Public Land Survey re-
cords for the Midwest Driftless Area 
Tree Genus Common Species Names used by Surveyors Assumed Species 
Acer (maple)   
 Sugar, Sugar maple, Hard maple, Rock maple, Bird's Eye maple Acer saccharum 
 Silver maple, White maple, W maple, Wht maple Acer saccharinum 
 Maple ambiguous 
Fraxinus (ash)    
 Black ash, Blk ash, B ash, Brown ash Fraxinus nigra 
 White ash, Wht ash Fraxinus americana 
 Ash ambiguous 
Pinus (pine)    
 White pine, W pine Wht pine Pinus strobes 
 Red pine, R pine, Norway pine, N pine, Yellow pine, Y pine, Sugar pine Pinus resinosa 
 Jack pine, Black pine, J pine, Jk pine, Pitch pine, P Pine Pinus banksiana 
 Pine ambiguous 
Quercus (oak)    
 Red oak, R oak Quercus rubra 
 Bur oak, Br oak, Burr oak Quercus macrocarpa 
 Jack oak, J oak Jk oak, Yellow oak, Pin oak, Spanish oak Quercus ellipsoidalis 
 Black oak, B oak, Blk oak Quercus velutina 
 White oak, W oak, Wht oak Quercus alba 
 Oak ambiguous 
 Table 3 Parameter estimates and root mean squared prediction errors (RMSPE) of non-spatial multiple regression models (p-value < 
‘***’ = 0.001, ‘**’ = 0.01, ‘*’ = 0.05) (FFC = Flood Frequency Class; AWC = Available Water Capacity; DFR = Distance From 
River; TRI = Topographic Roughness Index; HLI = Heat Load Index) 
Common name; Scientific name Intercept HLI % Clay FFC AWC DFR TRI RMSPE 
Aspen; Populus tremuloides, P.  
     grandidentata 
1.15 *** 0.01 ** 0.00 *** -0.01 *** -  0.00 *** -1.04 *** 12.68 
Basswood; Tilia americana -0.87 *** -  0.00 *** 0.00 ** 0.00 ** 0.00 *** 0.89 *** 7.97 
Birch; Betula papyrifera, B. cordifolia 0.06 *** -0.01 *** 0.00 *** 0.01 *** 0.00 *** 0.00 *** -  5.30 
Black ash; Fraxinus nigra 0.03 *** -0.01 *** 0.00 *** 0.01 *** 0.00 ** 0.00 *** -  3.77 
Black cherry; Prunus serotina -0.08 *** -  -  -  0.00 *** 0.00 * 0.08 *** 1.71 
Black oak; Quercus velutina -5.31 *** -  0.00 *** -0.01 *** 0.00 *** 0.00 *** 5.51 *** 24.67 
Black walnut; Juglans nigra -0.07 *** 0.00 *** 0.00 *** -  0.00 *** 0.00 *** 0.07 *** 2.03 
Bur oak; Quercus macrocarpa 4.81 *** 0.05 *** -  -0.01 *** 0.01 *** -  -4.54 *** 35.23 
Butternut; Juglans cinerea -0.17 *** 0.00 *** 0.00 *** -  0.00 * 0.00 ** 0.17 *** 1.93 
Cottonwood; Populus deltoides 0.00 *** 0.00 *** -  0.00 *** 0.00 ** 0.00 *** -  2.54 
Elm; Ulmus americana, U. rubra, U.  
     thomasii 
-0.63 *** -0.02 *** 0.00 *** 0.03 *** 0.00 *** 0.00 *** 0.70 *** 10.32 
Hackberry; Celtis occidentalis 0.01 *** 0.00 *** -  0.00 *** 0.00 *** 0.00 *** -  1.49 
Hickory; Carya cordiformis, C. ovata -0.62 *** 0.00 * 0.00 *** -  0.00 * -  0.61 *** 5.02 
Ironwood; Carpinus caroliniana, Ostrya  
     virginiana 
-0.14 *** -  -  0.00 *** 0.00 *** 0.00 *** 0.14 *** 1.87 
Jack oak; Quercus ellipsoidalis -0.8 *** 0.01 ** 0.00 *** -  0.00 *** 0.00 *** 0.86 *** 11.28 
Jack pine; Pinus banksiana 0.61 *** 0.01 *** 0.00 *** 0.00 *** 0.00 *** 0.00 *** -0.49 *** 7.96 
Red elm; Ulmus rubra -0.13 *** -  -  -  -  0.00 *** 0.13 *** 1.44 
Red oak; Quercus rubra 0.23 *** -  0.00 *** 0.00 *** -  0.00 *** -0.20 *** 9.16 
Red pine; Pinus resinosa 0.35 *** -  0.00 *** 0.00 ** 0.00 *** 0.00 *** -0.28 *** 5.89 
Silver maple; Acer saccharinum -0.01 *** 0.00 *** 0.00 *** 0.00 *** 0.00 *** 0.00 *** 0.02 * 2.24 
Sugar maple; Acer saccharum -1.29 *** -0.01 *** -  0.02 *** 0.00 *** 0.00 *** 1.38 *** 13.75 
Tamarack; Larix laricina 0.32 *** -  0.00 *** 0.00 ** 0.00 *** 0.00 *** -0.30 *** 5.21 
White ash; Fraxinus americana -0.17 *** -0.02 *** 0.00 ** 0.02 *** 0.00 *** 0.00 *** 0.21 *** 4.69 
White birch; Betula papyrifera -0.22 *** -  0.00 *** 0.00 * -  0.00 *** 0.23 *** 2.38 
White oak; Quercus alba -10.16 *** 0.02 *** 0.01 *** -0.02 *** -0.01 *** 0.00 *** 10.24 *** 30.77 
White pine; Pinus strobus 0.5 *** -  0.00 *** 0.00 *** 0.00 *** 0.00 *** -0.42 *** 7.63 
Willow; Salix spp. -0.04 * -0.01 *** 0.00 *** 0.01 *** 0.00 *** 0.00 *** 0.05 *** 3.10 





Table 4 Correlation coefficients among tree species and environmental factors (FFC = Flood 
Frequency Class; AWC = Available Water Capacity; DFR = Distance From River; TRI = To-
pographic Roughness Index; HLI = Heat Load Index) 




FFC AWC DFR TRI HLI 
Aspen; Populus tremuloides, P. grandidentata 0.11 -0.10 -0.01 -0.05 -0.03 -0.09 0.00 
Basswood; Tilia americana -0.04 0.03 0.01 0.02 -0.02 0.07 0.00 
Birch; Betula papyrifera, B. cordifolia 0.07 -0.10 0.09 -0.09 -0.07 -0.02 -0.05 
Black ash; Fraxinus nigra 0.03 -0.05 0.10 -0.03 -0.06 -0.01 -0.05 
Black cherry; Prunus serotina -0.01 0.01 0.00 0.02 0.01 0.02 0.01 
Black oak; Quercus velutina 0.03 -0.02 -0.02 -0.03 0.03 0.17 0.01 
Black walnut; Juglans nigra -0.03 0.03 0.00 0.02 -0.01 0.02 -0.01 
Bur oak; Quercus macrocarpa -0.07 0.02 -0.02 0.09 0.02 -0.12 0.02 
Butternut; Juglans cinerea -0.02 0.01 0.00 0.00 -0.01 0.05 -0.01 
Cottonwood; Populus deltoides 0.00 -0.02 0.07 0.00 -0.05 0.00 -0.03 
Elm; Ulmus americana, U. rubra, U. thomasii 0.02 -0.05 0.14 0.00 -0.14 0.04 -0.05 
Hackberry; Celtis occidentalis 0.01 -0.02 0.06 -0.02 -0.05 0.00 -0.03 
Hickory; Carya cordiformis, C. ovata -0.08 0.07 0.00 0.03 0.01 0.06 0.01 
Ironwood; Carpinus caroliniana, Ostrya virgin-
iana 
-0.01 0.01 -0.02 0.01 -0.02 0.03 0.00 
Jack pine; Pinus banksiana 0.25 -0.20 -0.01 -0.21 -0.02 -0.08 0.01 
Northern Pin oak; Quercus ellipsoidalis 0.03 -0.01 0.00 -0.05 0.02 0.05 0.01 
Red elm; Ulmus rubra -0.01 0.00 0.00 0.00 -0.01 0.05 -0.01 
Red oak; Quercus rubra 0.02 0.01 -0.01 0.00 0.03 -0.02 0.00 
Red pine; Pinus resinosa 0.17 -0.13 0.00 -0.15 -0.05 -0.06 -0.01 
Silver maple; Acer saccharinum 0.02 -0.04 0.05 -0.03 -0.04 0.00 -0.04 
Sugar maple; Acer saccharum 0.01 -0.02 0.06 -0.03 -0.04 0.07 -0.02 
Tamarack; Larix laricina 0.10 -0.11 0.00 -0.02 0.02 -0.06 -0.01 
White ash; Fraxinus americana 0.01 -0.05 0.15 -0.03 -0.09 0.02 -0.08 
White birch; Betula papyrifera 0.03 -0.03 0.00 -0.02 0.01 0.05 0.00 
White oak; Quercus alba -0.20 0.27 -0.06 0.09 0.05 0.30 0.04 
White pine; Pinus strobus 0.16 -0.13 0.00 -0.11 -0.05 -0.07 -0.01 
Willow; Salix spp. 0.00 -0.02 0.08 0.00 -0.07 0.00 -0.05 




Table 5  Predictor variables included in Gaussian conditional spatial regression models (FFC = 
Flood Frequency Class; AWC = Available Water Capacity; DFR = Distance From River; TRI = 
Topographic Roughness Index; HLI = Heat Load Index) 
Common name; Scientific name HLI % 
Clay 
FFC AWC DFR TRI Total predic-
tor variables 
Aspen; Populus tremuloides, P. grandidentata √ √ 0 0 √ √ 4 
Basswood; Tilia americana 0 √ 0 √ √ √ 4 
Birch; Betula papyrifera, B. cordifolia √ √ √ √ √ 0 5 
Black ash; Fraxinus nigra √ √ √ √ √ 0 5 
Black cherry; Prunus serotina 0 0 0 √ √ √ 3 
Black oak; Quercus velutina 0 √ 0 √ √ √ 4 
Black walnut; Juglans nigra √ √ 0 √ √ √ 5 
Bur oak; Quercus macrocarpa √ 0 0 √ 0 √ 3 
Butternut; Juglans cinerea √ √ 0 √ √ √ 5 
Cottonwood; Populus deltoides √ 0 √ √ √ 0 4 
Elm; Ulmus americana, U. rubra, U. thomasii √ √ √ √ √ √ 6 
Hackberry; Celtis occidentalis √ 0 0 √ √ 0 3 
Hickory; Carya cordiformis, C. ovata √ √ 0 √ 0 √ 4 
Ironwood; Carpinus caroliniana, Ostrya virginiana 0 0 0 √ √ √ 3 
Jack oak; Quercus ellipsoidalis √ √ 0 √ √ √ 5 
Jack pine; Pinus banksiana √ √ 0 √ √ √ 5 
Red elm; Ulmus rubra √ √ √ √ √ √ 6 
Red oak; Quercus rubra 0 √ 0 0 √ √ 3 
Red pine; Pinus resinosa 0 √ 0 √ √ √ 4 
Silver maple; Acer saccharinum √ √ √ √ √ √ 6 
Sugar maple; Acer saccharum √ 0 0 √ √ √ 4 
Tamarack; Larix laricina 0 √ √ √ √ √ 5 
White ash; Fraxinus americana √ √ 0 √ √ √ 5 
White birch; Betula papyrifera 0 √ 0 0 √ √ 3 
White oak; Quercus alba √ √ 0 √ √ √ 5 
White pine; Pinus strobus 0 √ 0 √ √ √ 4 
Willow; Salix spp. √ √ √ √ √ √ 6 





Figure 1 Ecoregions of the Driftless Area of the U.S. Midwest; inset shows the location of the 





Figure 2  Frequency of witness trees recorded in the original Public Land Survey (PLS) records 






Figure 3  Frequency of tree species ambiguously and unambiguously identified by surveyors; 





Figure 4  Witness tree locations in the Midwest Driftless Area of a) unambiguously identified 
species by surveyors, b) trees ambiguously identified by surveyors, and c) combination of known 




Figure 5  Accounting for spatial dependence in the distribution of white oak in the Driftless Area 
of the U.S. Midwest; a) relative dominance at coarse resolution (2.56 km2) as captured directly 
from surveyor records, b) predicted relative dominance values from multiple regression model, 
c) residuals from the multiple regression model showing spatial patterns, d) predicted relative 




Figure 6 Distribution of historically dominant tree species in the Driftless Area of the U.S. 
Midwest; species shown comprise greater than 0.2% (23 species) of the relative dominance 








Figure 7  Comparison of the distribution of white ash derived from survey records for a subset 
of the study area; a) white ash witness tree locations, b) relative dominance at 2.56 km2 resolu-
tion as captured directly from surveyor records, c) predicted relative dominance values at 0.64 
km2 resolution from spatial regression using a constant mean model (CMM), and d) predicted 
relative dominance values at 0.64 km2 resolution from spatial regression using a Gaussian condi-





Figure 8  R2 versus initial cluster number produced through the FASTCLUS procedure for a) 
relative dominance at 2.56 km2 m resolution as captured directly from surveyor records, and b) 
predicted relative dominance at 0.64 km2 from fitted spatial regression models using Gaussian 












Figure 9a Dendrogram produced through the hierarchical agglomerative clustering procedure on 




































































































































































































































































































































Figure 9b Dendrogram produced through the hierarchical agglomerative clustering procedure on 





















































































































































































































































































































































Figure 10  Pre-Euro-American vegetation composition in the Midwest Driftless Area at 2.56 




Figure 11  Pre-Euro-American vegetation composition in the Midwest Driftless Area at 0.64 











My goals were to: (1) establish detailed, extensive, and accurate baseline information on histori-
cal landscape patterns, (2) investigate and describe the causes and consequences of spatial pat-
terns in landscapes, and (3) inform restoration efforts over landscape-to-regional scales within 
the Driftless Area of the U.S. Midwest. By digitizing and analyzing the U.S. General Land Of-
fice’s original Public Land Survey (PLS) records for the region, I found that the Driftless Area 
was historically composed of prairies and oak savannas—dominated by bur, white, and black 
oak—interspersed with woodland and forest ecosystems. Specifically, prairie made up 42% of 
the area; savannas 35%; closed forests 15%; and open woodlands 8%, based on Anderson and 
Anderson (1975) classification of vegetation structure. Bur oak was the dominant tree species, 
especially in savannas and in the Western Paleozoic Plateau (WPP) and Rosemont Baldwin 
Plains and Moraines (RBPM) subsection ecoregions. White oak was distributed almost as exten-
sively as bur oak.  It was found in woodlands and forests as well as savannas, and was more 
dominant in the Mississippi-Wisconsin River Ravines (MWRR) and Kickapoo-Wisconsin River 
Ravines (KWRR) subsection ecoregions. Species comprising the hickory genus (e.g., shagbark 
hickory [Carya ovata (Mill.) K.Koch], bitternut hickory [C. cordiformis (Wangenh.) K. Koch]) 
were less dominant than expected, especially in comparison to oak-hickory vegetation types in 
the Eastern U.S. (Abrams 1992). Mesic forests were dominated by sugar maple, elm, American 
basswood, white oak, and ironwood and predominantly occurred in the Menominee Eroded Pre-
Wisconsin Till (MEPWT) and KWRR subsection ecoregions. Pine was found in MEPWT and 
portions of Melrose Oak Forest and Savanna (MOFS) subsection ecoregions. Aspen dominated 
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the northern part of RBPM subsection ecoregion. The Mississippi and Wisconsin River corridors 
consisted of mostly prairie and savannas with a mixture of tree species including silver maple, 
northern pin oak, willow, bur oak, birch, white oak, black oak, and white ash. On the whole, the 
dominance by prairie or savanna ecosystems, and dominance of oak species in locations with a 
woody component, as portrayed through my vegetation reconstruction, indicates that fire played 
a key role in mediating landscape patterns and ecosystem processes in the Midwest Driftless 
Area prior to Euro-American settlement. 
Despite challenges of reconstructing historical vegetation from PLS records (Bourdo 
1956; Schulte and Mladenoff 2001; Mladenoff et al. 2002; Anderson et al. 2006), I was able to 
represent ecologically consistent vegetation cover classes for the entire Driftless Area at a finer 
resolution (0.64 km2) than available from the original data by themselves and compared to previ-
ous vegetation reconstruction efforts for the Driftless Area region (i.e., Marschner 1974; Finley 
1976; Anderson 1996; Bolliger et al. 2004). I was able to achieve this by adopting logistic re-
gression methods developed by Mladenoff et al. (2002) to differentiate ambiguously witness tree 
records within the PLS database and classification methods developed by Schulte et al. (2002), 
and also by developing a novel technique as applied to PLS records to improve the spatial resolu-
tion of the witness tree database through the use of spatial regression. Next steps in improving 
the overall technique include: (1) a cross-validation of spatial regression models to assess their 
accuracy and (2) accuracy assessment using  contemporary field data; for example, by applying 
my techniques to vegetation data collected through present-day on-the-ground field surveys and 




Per discussions with land managers from the Driftless Area, the finer-resolution, spa-
tially-explicit, and region-wide maps I have developed can be used to inform ecosystem restora-
tion and other land management practices in the Driftless Area. The representation of spatial het-
erogeneity in my maps, on one hand, will assist in prescribing restoration efforts at fine scales 
(0.64 – 2.56 km2). On the other, the large spatial extent (~55,000 km2) of my vegetation recon-
struction will assist land managers expand the spatial and temporal horizon of their decisions. 
Consideration of the “big picture,” including the spatial, historical, and cultural contexts and 
drivers of vegetation change, is important in developing ecologically based management goals 
and practices for a given area (Landres et al. 1999; Keane et al. 2009).  
My work is also useful from the standpoint of basic research in geography, ecology, and 
statistics. In many ways, this research constitutes a test of the first law of geography (Tolber 
1970). My maps reveal complex ecological patterns that resulted from interactions between site 
factors, vegetation, and disturbances over time. The fine resolution database that I have created 
can furthermore be used as baseline data in future investigations of interactions between vegeta-
tion and disturbance regimes, and in quantifying vegetation change from the pre-Euro-American 
past to the present. From a statistical perspective, the series of vegetation reconstruction tech-
niques that I employed and developed can now be easily replicated in other geographical areas, 
where similar baseline vegetation data are available. In sum, I hope the outputs associated with 
my Master’s thesis will be helpful in developing this fuller understanding of the immediate pre-
Euro-American past and the spatial context for restoration of oak ecosystems within the Driftless 
Area.  I also expect that my efforts have extended the body of knowledge associated with the 
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 Appendix 1 
Error assessment (using 10% of total data points) associated with initial Public Land Survey data entry for the Iowa and Illi-
nois portions of the Midwest Driftless Area 
 Interior surveys  Exterior surveys  Total surveys 
 Values Errors Error  Values Errors Error  Values Errors Error 
Field checked found Percent  checked found Percent  checked found Percent 
Survey point 2493 7 0.3  654 6 0.9  3147 13 0.4 
Links from survey point 2493 7 0.3  654 4 0.6  3147 11 0.3 
Ecosystem type 2493 45 1.8  654 0 0.0  3147 45 1.4 
Disturbance type 98 2 2.0  10 0 0.0  108 2 1.9 
In/out point of ecosystem or disturbance type 574 3 0.5  123 0 0.0  697 3 0.4 
Meander type 453 3 0.7  107 0 0.0  560 3 0.5 
Witness tree species 1-4 1943 3 0.2  612 1 0.2  2555 4 0.2 
Diameter of witness trees 1-4 1943 9 0.5  612 8 1.3  2555 17 0.7 
Azimuth of witness trees from survey corner 1-4 1653 6 0.4  524 3 0.6  2177 9 0.4 
Distance of witness trees from survey corner 1-4 1653 11 0.7  524 6 1.1  2177 17 0.8 
Dominant overstory 2493 7 0.3  654 0 0.0  3147 7 0.2 






Description of predictor variables used in logistic models used to differentiate to species 
trees ambiguously identified by the original Public Land Surveyors in the Midwest Drift-
less Area  
Tree species structure and composition were accounted for by the following predictor variables: 
• Density: Tree density (stem/ha) for each survey corner were calculated based on the point 
based sampling methodology developed by Cottam and Curtis (1956). 
• Diameter: Mean diameter of witness trees at each survey corner. Natural log of the mean 
diameter variable used a separate variable.  
• Distance from survey corner: Average distance of witness tree at each survey corner. 
Natural log of average distance variable used as a separate variable. 
• Associated species: Separate presence/absence predictor variables for individual associ-
ated witness tree species at each survey corner accounting for species composition. A to-
tal of 31 tree species (> 80 tree counts), both known and generic, were included in the 
model.  
• Ecosystem type: Ecosystem types as recorded by surveyors at each survey corner. They 
were grouped into the following nine categories: ‘default’, ‘prairie’, ‘thicket/scrub’, ‘scat-
tered timber’, ‘openings’, ‘forest’, ‘bottom’, ‘highland’,  ‘other’. 
Edaphic conditions were accounted for by the following predictor variables: 
• Soil moisture: We used available water capacity (AWC) as a continuous variable estimate 
for soil moisture under the assumption that soil properties that affect retention of water 
have not changed significantly in the last ~150 years. Water retention in soil is affected 
by the content of organic matter, soil texture, bulk density, and soil structure. AWC refers 
to the quantity of water that the soil is capable of storing for use by plants. Since most 
water absorption from tree roots occur in the upper few inches of soil, the water storage 
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capacity was calculated using Soil Survey Geographic SSURGO data for soil depth rang-
ing from 2 to 200 cm. The overall AWC may have changed, but we expect that the spatial 
pattern is robust; thus, it is still applicable in a relative way. 
• Upland/lowland: Some tree species such as Acer saccharinum (Silver Maple) and Frax-
inus nigra (Black Ash) grow along streams and in seasonally flooded lowland areas. 
Flood frequency classes (FFC) estimated from SSURGO database were expressed as or-
dinal data as 0= ‘none’, 1=‘very rare’, 2=‘rare’, 3=‘occasional’, 4=‘frequent’, and 
5=‘very frequent’. The description of individual classes is given below (Description from 
Soil Data Viewer 5.2 ArcGIS 9.2 plugin) 
− "None" means that flooding is not probable. The chance of flooding is nearly zero 
percent in any year. Flooding occurs less than once in 500 years. 
− "Very rare" means that flooding is very unlikely but possible under extremely un-
usual weather conditions. The chance of flooding is less than one percent in any 
year. 
− "Rare" means that flooding is unlikely but possible under unusual weather condi-
tions. The chance of flooding is one to five percent in any year.  
− "Occasional" means that flooding occurs infrequently under normal weather con-
ditions. The chance of flooding is five to 50 percent in any year. 
− "Frequent" means that flooding is likely to occur often under normal weather 
conditions. The chance of flooding is more than 50 percent in any year but is less 
than 50 percent in all months in any year. 
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− "Very frequent" means that flooding is likely to occur very often under normal 
weather conditions. The chance of flooding is more than 50 percent in all months 
of any year. 
• Sand/clay: Sand consists of mineral soil particles that are 0.05 mm to 2 mm in diameter. 
The content of sand, silt, and clay affects the physical behavior of a soil and there by af-
fecting the distribution and composition of plants. Percent sand was calculated using Soil 
Survey Geographic (SSURGO) data for soil depth ranging from 2 to 200 cm.   
Clay consists of mineral soil particles that are less than 0.002 mm in diameter. 
The amount and kind of clay affect the fertility and physical condition of the soil, which 
in turn affect plant distribution and composition. Percent clay was calculated using 
SSURGO data for soil depth ranging from 2 to 200 cm.  
Local landform and potential influence on interaction with fire were accounted for by the follow-
ing predictor variables: 
• Aspect: Drier landscapes are more susceptible to fire burns than wetter landscapes. Dryness 
is positively correlated to the amount of solar radiation, which depends on aspect, latitude, 
seasonal influences, etc. To account for the amount of solar radiation based on aspect of the 
site, we calculated the Heat Load Index (HLI) (McCune and Keon 2002; Jeffries et al. 2006) 
for each survey tree location.  The HLI index is a continuous variable and ranges from zero 
to one, with zero corresponding to the coolest northeast facing slopes and one corresponding 
to the warmest southwest facing slopes. Heat load index = (1-cos[θ-45])/2   where, θ is aspect 
in degrees east of north.  
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• Slope: To account for any preference to slope positions by corresponding tree species, we 
calculated the slope in degrees for each witness tree point using a 30 m pixel resolution Digi-
tal Elevation Model (DEM) (Gesch 2007; Gesch et al. 2002). 
• Distance from river: Rivers act as potential fire breaks and can influence post fire vegeta-
tion distribution (Grimm 1984). Distance from rivers was used as one of the variables to 
account for potential influence on interaction with fire.  
Regional landform and climate variability were accounted for by the following predictor vari-
ables: 
• Subsection ecoregion: Ecoregions are large areas of landscapes that have associated eco-
systems, similar soil and landform composition, and show relatively minor variability in 
climatic conditions. We categorized these regional landscapes based on subsection ecore-
gions and state boundaries (Omernik 1987; Cleland et. al. 2007). 
• Township and Range: Survey Townships were numbered in an ascending order from 
South to North, and Ranges were numbered from East to West. Township and Range 
numbers along with their natural logs were included as separate predictor variables in the 
logistic regression models to account for any latitudinal or longitudinal trends.  
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Coefficient estimates of logistic regression models used in the differentiation of ambigu-
ously identified witness trees to species  
Ash, maple, and pine models: 





Parameter WA-BA WM-SU JP-RP JP-WP RP-WP 
Intercept 2.71  -2.24  -2.53 -7.21 2.28 
Tree Density -  0.00  - - - 
Mean Diameter of Witness Tree -  -  -0.28 -0.89 -0.16 
Average Distance from Post Corner (m) -  -  - -0.02 - 
Ln of Average Distance from Post Corner -  0.68  - 0.72 - 
Ln of Mean Diameter of Witness Tree -0.50  -  - 5.36 - 
Associated Species: Bur Oak -1.22  -  - - - 
Associated Species: White Oak -  0.75  - - - 
Associated Species: Black Oak -  -  - - - 
 Associated Species: Sugar Maple -  -  - - - 
Associated Species: Aspen -  3.17  - - - 
Associated Species: Elm -0.51  0.86  - - - 
Associated Species: Jack Oak -  -  - - - 
Associated Species: Basswood -  -  - - - 
Associated Species: Red Oak -  2.51  - - - 
Associated Species: Maple -  -  - - - 
Associated Species: Hickory -  -  - - - 
Associated Species: Ash -  -  - - - 
Associated Species: Pine -  -  - - - 
Associated Species: Birch -  -  - - - 
Associated Species: Ironwood -1.25  -  - - - 
Associated Species: Tamarack -  -  - -2.06 -2.28 
Associated Species: White Pine -  -  - - - 
Associated Species: Jack Pine -  -  - - -2.32 
Associated Species: Willow -  -  - - - 
Associated Species: White Ash -  -  - - - 
Associated Species: Red Pine -  -  - -3.34 - 
Associated Species: Black Ash -  -  - - - 
Associated Species: Butternut -  -  - - - 
Associated Species: White Birch -  4.00  - - -2.59 
Associated Species: Black Cherry -  -  - - - 
Associated Species: Black Walnut -  -  - - - 
Associated Species: Yellow Birch -  -  - - - 
 Associated Species: Cottonwood -  -  - - - 
Associated Species: Red Elm -  -  - - - 
Associated Species: Hackberry -  -  - - - 
Associated Species: Silver Maple -  -  - - - 
Ecosystem Type: Default -  -  - - - 
Ecosystem Type: Scattered trees -  -  - - - 
Ecosystem Type: Openings -  -  - - - 
Ecosystem Type: Timber/Forest -  -  - - - 
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Ecosystem Type: Bottomland -  -  - - - 
Ecosystem Type: Prairie -  -  - - - 
Ecosystem Type: Upland -  -  - - - 
Ecosystem Type: Thicket -  -  - - - 
Ecosystem Type: Other -  -  - - - 
Slope -  -0.11  -0.11 -0.11 - 
Heat Load Index -  1.17  - -0.84 - 
Ln of Heat Load Index -  -  - - - 
Township -  -  - - - 
Range -  0.29  0.36 -0.48 -0.59 
Ln of Township -  -  - - - 
Ln of Range -0.50  -2.24  -1.63 2.41 2.53 
Subsection ecoregion: IA MWRR* -  -  - - - 
Subsection ecoregion: IA WPP* -  -  - - - 
Subsection ecoregion: IL WRR* -  -  - - - 
Subsection ecoregion: IL MPPS* -  -  - - - 
Subsection ecoregion: MN MWRR* -  -  - - - 
Subsection ecoregion: MN WPP* -  -  - - - 
Subsection ecoregion: MN RBPM* -  -  - - - 
Subsection ecoregion: WI MEPWT* -  -  - - - 
Subsection ecoregion: WI MOFS* -  -  - - - 
Subsection ecoregion: WI MWRR* -  -  - - - 
Subsection ecoregion: WI KWRR* -  -  - - - 
Subsection ecoregion: WI MPPS* -  -  - - - 
Subsection ecoregion: WI RBPM* -  -  - - - 
Available Water Capacity -  -17.46  18.77 - - 
% Clay -  -  - - - 
% Sand -  -  0.05 0.04 - 
Flood Frequency Class -  -  - - - 
Distance from River -  -  0.00 0.00 0.00 
 
 Oak models: 
  Oak 
Parameter BO-LO BO-WO BO-JO 
LO-
WO LO-JO BO-RO LO-RO WO-JO WO-RO JO-RO 
Intercept -0.22 -0.06 -1.02 0.36 -4.54 -0.27 1.05 -1.62 1.21 -0.94 
Tree Density - - - - - - - - - - 
Mean Diameter of Witness Tree -0.17 -0.25 - -0.03 0.10 -0.18 -0.03 0.22 - -0.16 
Average Distance from Post Corner (m) -0.01 0.00 0.00 0.00 - - 0.01 - - - 
Ln of Average Distance from Post Corner 0.44 0.47 0.42 - - 0.68 0.15 -0.18 0.21 0.40 
Ln of Mean Diameter of Witness Tree 1.08 0.87 0.14 -0.55 - 1.21 - -0.49 0.49 0.75 
Associated Species: Bur Oak - - - 0.35 - - - -0.14 -0.32 -0.31 
Associated Species: White Oak -1.05 - -0.75 - 0.31 -1.32 -0.27 - - -0.54 
Associated Species: Black Oak - -0.67 1.22 - - 1.17 - 1.99 2.06 - 
 Associated Species: Sugar Maple -0.63 -0.81 - - 1.96 -1.80 -1.20 2.46 -0.64 -2.96 
Associated Species: Aspen -0.79 -0.51 -1.44 - -0.65 -1.28 -0.65 -0.67 -0.61 - 
Associated Species: Elm 0.56 - 0.98 -0.54 - - -0.79 1.02 - - 
Associated Species: Jack Oak 1.22 -0.29 - -1.47 - 2.05 - - 2.20 - 
Associated Species: Basswood -0.81 -0.45 - - 1.25 -0.92 - 1.23 - - 
Associated Species: Red Oak 0.96 -0.86 1.97 -1.89 - - - 2.84 - - 
Associated Species: Maple -0.83 -1.21 - - - -1.36 - 1.82 - - 
Associated Species: Hickory -0.59 -0.35 - 0.21 0.95 - - 0.57 - - 
Associated Species: Ash - -0.74 - - - - - - - - 
Associated Species: Pine - - - 0.82 - - - -1.35 - - 
Associated Species: Birch - - -0.87 - - -0.91 -0.87 -0.83 -1.05 - 
Associated Species: Ironwood - - - -0.50 - - -0.92 - - - 
Associated Species: Tamarack -1.41 - - 1.65 - - - - - - 
Associated Species: White Pine - - -1.52 - - - - -1.09 - 1.47 
Associated Species: Jack Pine - - -2.26 - -1.04 - - -0.97 - - 
Associated Species: Willow - - - - - - - - - - 
Associated Species: White Ash -1.41 -1.38 - - - -2.41 -1.08 - -0.91 - 
Associated Species: Red Pine - 0.99 - - - -1.60 -1.10 -1.77 -1.90 - 
Associated Species: Black Ash - - - - - - - - - - 
Associated Species: Butternut -1.11 - - - - - - - - - 
Associated Species: White Birch -0.52 - - - - -1.38 - - - - 
Associated Species: Black Cherry -0.65 - -0.93 - - - - - - - 
Associated Species: Black Walnut -0.99 - - - - -1.89 -0.90 - -1.07 - 
Associated Species: Yellow Birch - - - - - -3.18 - - -3.10 - 
 Associated Species: Cottonwood - - - - - - - - - - 
Associated Species: Red Elm - - - - - -2.16 - - - - 
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 Associated Species: Hackberry - - - - - - - - - - 
Associated Species: Silver Maple - - - - - - - - - - 
Ecosystem Type: Default - - - - - - - - - - 
Ecosystem Type: Scattered trees - 0.22 - - - - - - - - 
Ecosystem Type: Openings - 0.54 - - - - - - - - 
Ecosystem Type: Timber/Forest - - - - - - - - - - 
Ecosystem Type: Bottomland 0.45 0.94 - - - - - - - - 
Ecosystem Type: Prairie - 1.09 - 0.67 - - - - - - 
Ecosystem Type: Upland - - - - - - - - - - 
Ecosystem Type: Thicket -0.74 - - 0.38 - -1.00 - - -0.73 - 
Ecosystem Type: Other - - - - - - - - - - 
Slope -0.01 -0.03 0.01 -0.01 0.02 -0.02 - 0.04 0.01 -0.02 
Heat Load Index 0.19 0.64 - 0.32 -0.22 0.38 - -0.67 - 0.44 
Ln of Heat Load Index - - - - - - 0.04 - - - 
Township 0.05 0.01 - -0.03 -0.03 -0.05 -0.18 -0.02 -0.05 -0.05 
Range 0.07 0.12 -0.05 0.05 -0.16 -0.15 -0.05 -0.11 -0.23 0.06 
Ln of Township -0.68 -0.45 - 0.27 1.62 1.05 2.00 0.60 1.03 0.35 
Ln of Range -0.24 -0.14 0.89 0.12 1.13 1.01 0.75 0.78 0.98 - 
Subsection ecoregion: IA MWRR* -2.17 1.12 0.49 2.96 - 2.24 10.89 - 1.07 5.23 
Subsection ecoregion: IA WPP* -1.60 1.54 1.34 2.74 - 2.53 10.65 0.57 1.01 4.37 
Subsection ecoregion: IL WRR* 0.20 1.46 - 1.20 - -1.03 - - -1.98 - 
Subsection ecoregion: IL MPPS* 0.61 1.99 3.39 1.33 4.62 -1.29 - 1.99 -2.92 -2.68 
Subsection ecoregion: MN MWRR* -2.36 1.32 0.57 3.20 - 2.85 12.23 - 1.27 4.60 
Subsection ecoregion: MN WPP* -1.17 2.03 - 2.68 - 2.17 9.91 -1.18 - 3.94 
Subsection ecoregion: MN RBPM* - - - - - 0.93 - - 0.75 - 
Subsection ecoregion: WI MEPWT* 0.28 - 0.47 - - -1.50 -1.15 - -1.60 -0.81 
Subsection ecoregion: WI MOFS* - 0.30 - 0.57 - -2.20 -1.41 - -2.68 - 
Subsection ecoregion: WI MWRR* 0.33 0.42 -0.78 0.37 - - - -0.83 -0.68 2.48 
Subsection ecoregion: WI KWRR* - - 1.00 0.48 1.90 -1.53 -1.09 1.09 -1.92 - 
Subsection ecoregion: WI MPPS* 1.08 1.19 1.40 0.34 2.87 0.68 - 0.81 -1.04 - 
Subsection ecoregion: WI RBPM* - - - - - - - - - - 
Available Water Capacity -2.21 -3.81 3.95 -3.09 2.35 -3.12 -3.30 6.14 - -3.05 
% Clay -0.01 -0.03 - -0.02 - -0.03 -0.03 0.03 -0.01 -0.03 
% Sand -0.01 0.00 - 0.00 - -0.01 -0.01 - -0.01 - 
Flood Frequency Class 0.30 0.43 0.39 0.08 - 0.38 - - - - 








* Definition of the subsection ecoregion codes are as follows: 
 
IA MWRR: Iowa Mississippi-Wisconsin River Ravines 
IA WPP: Iowa Western Paleozoic Plateau 
IL WRR: Illinois Mississippi-Wisconsin River Ravines 
IL MPPS: Illinois Mineral Point Prairie-Savannah 
MN MWRR: Minnesota Mississippi-Wisconsin River Ravines 
MN WPP: Minnesota Western Paleozoic Plateau 
MN RBPM: Minnesota Rosemont Bladwin Plains and Moraines 
WI MEPWT: Wisconsin Menominee Eroded Pre-Wisconsin Till 
WI MOFS: Wisconsin Melrose Oak Forest and Savannah 
WI MWRR: Wisconsin Mississippi-Wisconsin River Ravines 
WI KWRR: Wisconsin Kickapoo-Wisconsin River Ravines 
WI MPPS: Wisconsin Mineral Point Prairie-Savannah 
WI RBPM: Wisconsin Rosemont Baldwin Plaines and Moraine 
